Abstract-As one of the most important unit in the papermaking industry, the high consistency (HC) refining system is confronted with challenges such as improving pulp quality, energy saving, and emissions reduction in its operation processes. In this correspondence, an optimal operation of HC refining system is presented using nonlinear multiobjective model predictive control strategies that aim at set-point tracking objective of pulp quality, economic objective, and specific energy (SE) consumption objective, respectively. First, a set of input and output data at different times are employed to construct the subprocess model of the state process model for the HC refining system, and then the Wiener-type model can be obtained through combining the mechanism model of Canadian Standard Freeness and the state process model that determines their structures based on Akaike information criterion. Second, the multiobjective optimization strategy that optimizes both the set-point tracking objective of pulp quality and SE consumption is proposed simultaneously, which uses NSGA-II approach to obtain the Pareto optimal set. Furthermore, targeting at the set-point tracking objective of pulp quality, economic objective, and SE consumption objective, the sequential quadratic programming method is utilized to produce the optimal predictive controllers. Finally, the simulation results demonstrate that the proposed methods can make the HC refining system provide a better performance of setpoint tracking of pulp quality when these predictive controllers are employed. In addition, while the optimal predictive controllers orienting with comprehensive economic objective and SE consumption objective, it has been shown that they have significantly reduced the energy consumption.
stability of the pulp quality [5] [6] [7] . In order to achieve better economic benefits and to produce high quality pulp, the HC refining system nowadays needs to solve a number of challenges including reducing power consumption, decreasing environmental pollution (especially greenhouse gases emissions), and providing much stable pulp for the subsequent papermaking processes. At present, the widely used technological indicators evaluating pulp quality are mainly Canadian Standard Freeness (CSF), long fiber content, and shive content, from which the CSF acts as one of the key indicators to evaluate pulp quality. CSF is closely associated with the energy consumption throughout the production process, and can be measured online [3] , [6] , [8] . Therefore, aiming at realizing continuous and large-scale production ultimately for such complex industrial system like the HC refining system, an advanced control technique that not only makes specific energy (SE) consumption low but also obtains uniform and high quality pulp becomes one of the principal issues to be tackled in industrial control fields.
It is well-known that model predictive control (MPC) is one of the most successful controllers in industrial processes, which has plentiful strengths such as low accuracy requirements for the process model, flexible constraints handling capacity, and capable of implementing robustness property [9] [10] [11] [12] . Furthermore, MPC describes a kind of computation control algorithm that controls the future behavior of objects by means of an explicit process model, and combines the requirements of practical industrial processes, whose outstanding peculiarity is its ability to cope with the system input-output and state constraints online [13] , [14] . Moreover, the fact that MPC based on linear model are acceptable when the process operates at a single set-point and the prime use of the controller is the disturbances rejection. However, there exist numerous nonlinear systems in practical industrial processes, where linear models are generally insufficient to accurately depict the dynamic characteristic. Considering such the practical problems, nonlinear MPC (NMPC) is a good development of linear MPC to nonlinear systems that presents a very good control scheme for this type of problem. NMPC is conceptually similar to its linear counterpart, both of which are employed for prediction and dynamic optimization, except that NMPC is based on nonlinear dynamic model. In recent years, abundant predictive control techniques based on nonlinear models (e.g., Wiener model [15] , [16] , Hammerstein model [17] , Volterra model [18] , fuzzy neural network model [19] , etc.) are proposed. Especially, since the Wiener model can describe a large class of nonlinear processes [15] , [16] , such as the pH neutralization processes, the distillation processes, and the biochemical reactions process, it has been widely applied in industrial processes.
Over the past few decades, a series of methods have been developed for the modeling and control for HC refining system [20] [21] [22] [23] [24] . For example, a fuzzy neural network modeling approach described in [25] were used to model the wood-chips refining system for fiber board production. The MPC strategy was developed on the basis of the nonlinear Laguerre model for the refining system in [26] . The nonlinear Laguerre model has been used to represent a nonlinear process appropriately such that the control of the pulp consistency, the motor load, and the desired pulp quality was achieved in [27] . Recently, economic optimization of industrial process has been traditionally addressed in [28] and [29] , where the economically oriented MPC that directly considers the economic benefits was developed and was subjected to the dynamic model. Such a controller achieves robust stability for the economically oriented infinite horizontal MPC in [30] . However, the controller design often requires more than one indicator for optimized requirements. For example, the energy consumption of every unit production is often desired as small as possible, the pulping costs are desired as low as possible, the errors between actual CSF output, and the desired CSF are expected to be as small as possible. Under these conditions, the single index is insufficiently to evaluate the optimization performance of the HC refining system. In fact, it requires multiple design specifications to be optimized simultaneously, where multiobjective optimization problem needs to be solved. Nowadays, traditional and simple solutions with regard to multiobjective optimization problems are to convert the multiple objectives into a single objective through certain techniques, while they claim that the original problem must be convex, and need compulsive coupling for numerous objectives in different dimensions. However, the specific coupling measures need a prior experiences, making it difficult to be widely recognized [31] [32] [33] [34] . Therefore, a set of compromise solutions are called, whose optimization results are the Pareto optimal set. In this paper, the set-point tracking performance of pulp quality and SE consumption are regard as the objective functions, respectively, and the Pareto optimal set or nondominated set can be obtained via multiobjective optimization problems by the NSGA-II [34] approach. This paper is constructed as follows. Section II, the description of HC refining system and process dynamics are introduced in detail. Moreover, the forgetting factor recursive least squares (FFRLSs) method is used to obtain estimated values of model parameters after employing Akaike information criterion (AIC) to determine the subprocess model structure. In Section III, the multiobjective optimization problem is formulated in order to optimize the set-point tracking objective and SE consumption, where the corresponding NMPC strategies are presented based on the set-point tracking objective of pulp quality, economic objective, and SE consumption of HC refining system. Finally, Sections IV and V give the simulation experiments and the conclusion.
II. HC REFINING SYSTEM DESCRIPTION AND OUTPUT CSF MODELING A. HC Refining System Description
The structure of typical HC refining system is described in Fig. 1 , which includes wood-chips pretreatment, refining process, and pulp processing stages. The principal technical parameters of the key equipment are shown in Table I . The following describes the functionalities of these units.
1) Pretreated wood-chips are the primary raw materials for the production of pulp that requires pretreatment under specified temperature. First, wood-chips are screened to remove particles with oversized or undersized length and thickness as they also affect the screw conveyor state and the refiner operating conditions. The screening process can also help to remove contaminants like sands and stones that can cause damages to the tooth surface of discs. The wood-chips after screening are fed to the washing machine for cleaning under the metering screw. Next, the wood-chips are steamed in hermetic compartment to soften lignin binding wood fibers so as to utilize the accompanying steam generated for preheat treatment. 2) Wood-chips refiner plays a significant role in the papermaking industry which mainly includes converting wood-chips through the screw feeder into the refiner chamber by means of cutting forces between fibers and gears as well as friction forces between fiber bundles so that the individual fiber can meet pulp quality requirements. In addition, while properly adjusting plate gap by the hydraulic system, it can effectively avoid excessive fibers crush and cutting. The HC refining system is generally operated at a concentration around 20%∼40% so as to ensure pulp quality. The refiner works as the following procedures, the refined pulp combined with steam are sprayed into the cyclone, where it separates the slurry and large amounts of water vapor produced by means of centrifugation, with the separated steam converted to a heat recovery column. Wood-chips refiner is one of the main equipment in the HC refining system. The structure of the double disc refiner is shown in Fig. 1 , which is composed of two movable plates on the cantilever that turns in opposite directions, two drive motors, twin screw feeders, as well as a hydraulic piloted valve where it provides pressure to accurately adjust clearance of wood-chips refiners. The wood-chips refiner acts as the primary research objective in HC refining system modeling, whose operational dynamics and internal mechanisms are extremely intricate, making it difficult to obtain efficient mathematical models through theoretical derivation such that particular importance should be on achieving the dynamic models of major variables using the system identification methods.
B. Modeling of Output CSF 1) System Dynamic Analysis:
The dynamic relationship between manipulated variables [hydraulic closing pressure, transfer-screw feeder speed and dilution water flow rate (D)] and controlled variable [motor load (M)] can be described using first order lag plus delay (FOLPD) model in [27] , respectively. Given the throughput (T), paper [29] presented that the motor load (M) is directly proportional to SE so that the dynamic relationship between the plate gap (G) and the SE can also be described by FOLPD model. Similarly, in [30] all the subprocesses have employed FOLPD for depicting the multistages refining system. In addition, paper [35] also modeled dynamic relationship between the plate gap (G) and the motor load (M) by the FOLPD model. However, the above described process models all assume that the model structure is already known, whereas in fact it is almost impossible to know the model structure in advance most of the time. Therefore, we need to determine the model orders using the input-output data without a prior knowledge of the model structure.
2) Model Order Determination: In this paper, the wood-chips feed rate (F), the plate gap (G), and the dilution water flow rate (D) are regarded as manipulated variables, we use the throughput (T) or production rate, the motor load (M), and the pulp consistency (C) as the state variables, CSF is regarded as the output variable of the HC refining system. We preprocess the input and output data first, then determine the model orders employing pretreated data, where we consider the three subprocesses models belonging to the HC refining system as controlled auto-regressive (CAR) models given by
where
Moreover, p and q are the model orders, respectively, d 1 is the delay time constant, x 1 (k) and u 1 (k) denote the output and input at time k, respectively. In (1), ε(k) is the white noise subjected to N(0, σ 2 ε ). The CAR model presented in (1) can be written in the least squares form
where it has been denoted that
. Moreover, the corresponding log likelihood function is computed as
According to the principle of maximum likelihood [∂l(x 1L |θ)/∂θ]|θ ML = 0, the maximum likelihood estimates can be obtained to givê
Besides, [∂l(x 1L |θ ML )/∂θ]|σ 2 ε = 0, the noise variance is estimated byσ
The model orders p and q in (1) can be determined taking advantage of the rank estimation methods in Hankel matrix and the variance technique of residuals curve besides the AIC. The AIC described in (6) is an objective method deciding model orders, whose basic principle is to determine the model orders through minimizing the 
whereσ 2 ε is the noise variance estimate. According to the AIC values, we can choose the value of p and q that make AIC(p, q) reach the minimum as the model orders represented in (1) . After determining the model orders by the AIC, we use FFRLS method to estimate the value ofθ.
3) Wiener-Type Model of CSF Establishment: As a major technological indicator indicating the pulp quality, the mechanism models about CSF have been proposed in [1] , [27] , and [35] . In this paper, the CSF static model of the HC refining system is utilized, and first defines the SE consumption as follows:
where M and T are respectively the motor load and throughput, and the refining intensity (I) is defined
The total number of impacts can now be calculated as
and the model symbols are explained in Table II. A simplified equation for calculating the residence time t in woodchips refiner has been derived based on the force balance inside a refiner with an assumption that the effect of the steam flow can be neglected, the equation [1] is
Based on the definition of SE and I of the process, the empirical model of CSF indicator is computed [30] as follows:
where CSF 0 denotes the initial value of freeness, SE 0 and I 0 are, respectively, the initial values of SE and I, k 1 and k 2 are constants, whose values are, respectively, 0.106 and 0.114. Based upon the above analysis, the HC refining system that composes of three linear dynamic models and a nonlinear static model in series can be represented as a Wiener-type model structure at sampling time k is described as follows:
where both A and B are polynomials of the unit delay operator z −1 , respectively, d represents the delay time constant, ε(k) is the white noise, For the nonlinear model described in (12) , the proposed nonlinear multiobjective MPC will be presented in this section.
A. NMPC With the Set-Point Tracking of CSF
In practical industrial processes, the constraints of process variables are difficult to avoid, which requires the controller design to consider the influence of the constraints. Otherwise, it will degrade the performance of the controlled system. The rolling optimization of the predictive control can take into account various constraints easily in the objective function, realizing constrained predictive control. The constraints that include amplitude and rate constraints can mainly be employed to input variables. Input rate variables, output variables, or state variables are used not only on current values but also for future values effectively. As the generalized quadratic objective function or norm with constraints cannot gain analytical solutions, it can only be solved using nonlinear optimization methods. First, we consider set-point tracking performance of CSF, the control signal at time k applied to the HC refining system can be obtained by minimizing the following quadratic programming problem:
. (13) In this optimization problem, the reasonable limitations for the control input and its rate of change and also for output signal may be considered. These variables are subjected to the following constraints:
where P is the maximum prediction horizon, N is the control horizon, u and y is the control input and output variables of the process, respectively. R 1 , R 2 , and R 3 are the weighting matrices, respectively. u min and u max , u min and u max are lower and upper bounds vectors of the manipulated variables and input rate variables, and the output variables, respectively. u set and x set are the reference signal vector of input variables and the state variables, respectively, and they can be obtained by solving a steady-state optimization.
B. NMPC-Based Multiobjective Optimization Using NSGA-II
From the practical engineering perspective, the operational indicators reflecting the associated product quality, production efficiency, and SE consumption should be controlled within their reasonable ranges so as to realize the optimization control of throughout the industrial processes. Therefore, while taking into account the product quality, the SE consumption of the entire production process should not be neglected at the same time, which involves multiobjective optimization problems. In this paper, both the SE consumption and the set-point tracking performance of CSF are taken into account, and then we present a multiobjective function as follows:
where R 11 and R 12 are the prespecified weighting matrices, respectively. Compared with the single objective optimization problem of the set-point tracking objective of pulp quality aimed at (13), this paper considers the SE consumption throughout the HC refining system in addition to considering the set-point tracking performance of CSF in order to achieve reasonable compromises between various performance objectives for optimized consequences, which can effectively grasp the control quality for the optimization problem, and thus obtain the Pareto optimal solution set that contrapose this particular optimization problem for policy-makers to choose the most suitable compromise solution. The above problem is obviously a multi-objective optimization problem, and (13) and (15) have the same constraints of the input variables, state and output variables. J 21 denotes the ratio of SE consumption of the HC refining system operation. J 22 represents the objective function reflecting the set-point tracking performance of output CSF. In this paper, NSGA-II approach is employed to solve the multiobjective optimization problem in HC refining system operations. As a classical multiobjective optimization algorithm, it has its own unique constraints handling approach, which not only obtains a uniform distribution of the Pareto optimal solution set but also equips with a strong stability and adaptability with its features containing fast nondominated sorting and elitism strategy. While reducing the calculation burden this algorithm does not require the installation of additional parameters such as the weight coefficient. The Pareto optimal solution set from solving the optimization problem provides guidance for the HC refining system. Furthermore, the multiobjective optimization problem accommodates the linear weighted combination method, which allocates a group of weighting factors to the two divisional objective functions according to its magnitude and the importance degree in the overall design to form a new individual objective function, thus converting the multiobjective optimization problem into individual objective optimization problem.
With the SE consumption and the pulp quality as two main variables evaluating the economic benefits in the HC refining system, the weights are introduced into two objective functions upon (15) , whose comprehensive economic objective function is based on the SE consumption and the set-point tracking objective functions of CSF defined as follows:
where α 1 and α 2 are the positive weights, respectively, R 11 and R 12 are the weighting matrices, respectively. Compared with the set-point tracking objective of the pulp quality aimed at (13) , it can be seen that the comprehensive economic objective problem not only considers SE consumption of the HC refining system but also considers the set-point tracking performances of CSF. Therefore, J 1 represents only the objective function reflecting the tracking performance of CSF, J 21 and J 3 denotes the SE consumption objective and economic objective function, respectively. It can also be seen clearly that the two predictive controllers designed with constraints constitute a nonlinear optimization problem that does not have analytical solution in general. In this paper, the sequential quadratic programming (SQP) method is applied to obtain the optimal predictive controllers based on (13) and (16). 
IV. INDUSTRIAL DATA-BASED EXPERIMENTS

A. Output CSF Modeling of HC Refining System
The industrial data employed come from a large-scale HC refining system from a paper mill in China in 2015. These data have been used to demonstrate the effectiveness and practicability of the proposed method as shown in Fig. 2 . Based upon the available sensors in the industrial field, the measurement variables affecting output CSF mainly include the wood-chips feed rate, the dilution water flow rate, the plate gap, the hydraulic closing pressure, the transfer screw speed, the rotational disc speed, the motor load, the refiner vibration acceleration, the throughput, and the pulp consistency. Among these variables, the wood-chips feed rate, the dilution water flow rate, the plate gap, the hydraulic closing pressure, and the rotational disc speed can achieve online measurement easily. Table III lists the directly measured variables and their instrumentations, these directly measured variables are used to calculate others variables that cannot be measured online according to either their theoretical models or empirical models. The motor load and the refiner vibration acceleration are those that can be obtained indirectly.
In the three subprocesses of the HC refining system, the dynamic relationship between the wood-chips feed rate (F) and the throughput (T), the plate gap (G) and the motor load (M), the dilution water flow rate (D), and the pulp consistency (C) are established, respectively. Take the dynamic relationship between the wood-chips feed rate (F) and the throughput (T) for example, 100 groups of actual industrial data collected are used for the three subprocesses modeling. First, the dynamic model we assume that p 1 = q 1 for simplicity in determining the model orders using AIC, when model orders p 1 = q 1 are taken 1, 2, 3, and 4, respectively, the AIC values varying with different model orders are shown in Fig. 3 . It is obviously seen from Fig. 3 that AIC values in different orders, when p 1 = q 1 = 1, the value of AIC is minimized. Therefore, the dynamic model orders p 1 = q 1 = 1 can be determined between the wood-chips feed rate (F) and the (T) . Moreover, the model parameters can be estimated using FFRLS method after the model orders are determined, with the varying trends of the model parameters values shown in Fig. 4 , and the estimated values of the model parameters can be obtained.
Furthermore, the actual output and the dynamic model output are exhibited in Fig. 5 and the autocorrelation function of the modeling error between the actual output and the dynamic model output is illustrated in Fig. 6 , it can clearly see that the proposed method shows a good modeling quality. Therefore, the results show that the dynamic model of the throughput of HC refining system established using the proposed method can satisfy the requirement on the modeling accuracy. Similarly, the values of AIC can be obtained by selecting different model orders, the model orders can be determined when the value of AIC is minimized. Also, then the models parameters can be obtained using FFRLS method, the different model orders and parameters of other two subprocesses models can also be obtained by using the same method, whose model orders and parameters estimation results are exhibited in Table IV . 
B. NSGA-II Algorithm-Based NMPC With Multiobjective Optimization
The sampling time is chosen as 10 s, which is enough for the concerned industrial process. Predictive horizon P = 10 and control horizon N = 3 are long enough for this situation. The weight matrices in (13) , the set-point of output CSF is set as 610 ml. The initial values and constraints for the manipulated variables, the state and output variables are given in Table V .
First, we take advantage of the NSGA-II approach to optimize the multiobjective function represented as (15) , where the best individual coefficient is chosen 0.3, the population size is 300, the maximum evolution generation is set to 200, the fitness function deviation is set to be 1e-100, and the stop algebra is 200, with the Pareto front displayed in Fig. 7 . What we can see clearly from Fig. 7 is that when the value of the set-point tracking objective function J 22 is decreasing, the value of the SE consumption objective function J 21 is increasing. This also indicates that the set-point tracking performance of pulp quality and the SE consumption cannot be improved simultaneously, with the enhancement on one side will inevitably leading to the decline in performance of another side, which further validates the conflicting condition of both to some extent.
C. Different Objectives-Based NMPC Effects
In order to validate the effectiveness of the optimizing predictive controllers designed based on (13) and (16) as the objective function, respectively. The weights in (16) are selected as α 1 = 400 and α 2 = 1. Additionally, because of the wood-chips density, unevenness of sizes and other external uncertainties as well as the system misuse reasons, accompanied unpredictable interference occurs always, hence, the interference immunity capability becomes one of the evaluation criterion of the merits for the control strategies. In this paper, the disturbance variable is assumed to be white noise with the mean value of 0 and the variance value of 0.01. State variables based on set-point tracking objective and SE consumption objective.
The manipulated variables and the state variables under the influence of two kinds of controllers are exhibited in Figs. 8 and 9 , respectively. In addition, the output of CSF and varying trends of SE consumption are displayed in Fig. 10 . What can be seen apparently is that there is a declining trend for SE consumption under the influence of optimizing predictive controller based on (16) , while the HC refining system still maintain favorable set-point tracking performance of CSF. It is evident from Figs. 9 and 10 that when external disturbance exists, the two optimizing predictive controllers not only allow the system to accommodate fine set-point tracking performance of CSF but also equip the system with good interference rejection property. Furthermore, the pulp consistency can also satisfy the requirements of the HC refining system. Although the designed controller exploits (13) to achieve improvement in the set-point tracking performance compared to (16) , it still leads to an increase in SE consumption. Moreover, Fig. 11 shows the trajectories of performance J 1 and J 3 when the two optimizing predictive controllers are employed.
On the other hand, when (16) satisfies α 2 = 0, J 3 transforms into the SE consumption objective J 21 of the HC refining system. In order to validate the effectiveness of optimized predictive control effects employing the SE consumption objective J 21 , we compare the controller based on the SE consumption objective J 21 and that designed based on the tracking objective J 1 shown in (13) . The manipulated variables, the state variables, the output of CSF, and the SE consumption of the HC refining system under influences of two kinds of controllers are shown in Figs. 12-14 , respectively. Additionally, the performance trends of J 1 and J 21 are given in Fig. 15 , where it can be concluded that a good performance can still be achieved.
V. CONCLUSION
In this correspondence, we concentrate on the HC refining system to study multiobjective NMPC strategies-based optimal operation incorporating dynamic models and mechanism model of pulp quality. By utilizing the input and output data at different times to construct the subprocess models of the HC refining system, the model orders are determined through AIC and the state model parameters estimations are obtained employing FFLRS method. After combining with the mechanism model of CSF, the Wiener-type model of the HC refining system can be established. On the basis of achieving nonlinear model, the NSGA-II approach is used to obtain Pareto set of multiobjective functions for the set-point tracking objective of the pulp quality as well as aiming at the SE consumption objective of the HC refining system. In addition to realizing the set-point tracking of CSF, the SQP method is applied to obtain optimal nonlinear predictive controllers using economic objective and SE consumption objective as objective functions, respectively. Finally, the simulation results show that the predictive controllers can achieve a favorable set-point tracking performance of CSF. Additionally, employing economic objective and SE consumption objective, respectively to design optimization predictive controllers can reduce the energy consumption of the HC refining system significantly, assuring the desired pulp quality.
